"Supervoxels for graph cuts-based deformable image registration using guided image filtering," J. Electron. Imaging 26(6), 061607 (2017) Abstract. We propose combining a supervoxel-based image representation with the concept of graph cuts as an efficient optimization technique for three-dimensional (3-D) deformable image registration. Due to the pixels/voxels-wise graph construction, the use of graph cuts in this context has been mainly limited to two-dimensional (2-D) applications. However, our work overcomes some of the previous limitations by posing the problem on a graph created by adjacent supervoxels, where the number of nodes in the graph is reduced from the number of voxels to the number of supervoxels. We demonstrate how a supervoxel image representation combined with graph cuts-based optimization can be applied to 3-D data. We further show that the application of a relaxed graph representation of the image, followed by guided image filtering over the estimated deformation field, allows us to model "sliding motion." Applying this method to lung image registration results in highly accurate image registration and anatomically plausible estimations of the deformations. Evaluation of our method on a publicly available computed tomography lung image dataset leads to the observation that our approach compares very favorably with state of the art methods in continuous and discrete image registration, achieving target registration error of 1.16 mm on average per landmark.
Introduction
Superpixel clustering algorithms perform segmentation of images into anatomically and visually meaningful regions. They have found a wide range of application in imaging, including object localization and class segmentation, 1 human pose estimation, 2 and depth estimation. 3, 4 While the traditional application of superpixels is to image (over)segmentation, here we employ them to remove redundant image intensity information to reduce the number of nodes needed for the graph-based registration. At the same time, as superpixels tend to preserve consistent edges, this allows us to effectively preserve sliding boundaries between organs. For three-dimensional (3-D) application, the clusters represent groups of voxels and therefore are called supervoxels. In this work, we present their application to medical imaging, which is an inherent part of the patient diagnostic, treatment, and follow-up care. Modern methods enable acquisition of many images of the same subject at different time points and with the use of different scanners. To take full advantage of such possibilities, it is necessary to find spatial correspondence between the images, which allows for an assessment of the same structures in different acquired images. The process of finding an optimal transformation between different images is called image registration and, especially for medical applications, remains an active and still challenging research field. 5 One of the most demanding applications of image registration is lung image registration, particularly due to changes in lung density during breathing, 6 and to the relative motion 7 between the lungs and surrounding tissues.
These challenges render most of the single-modality similarity measures along with conventional regularizers for deformable image registration unsuited to the task. The relative motion between the lung and surrounding tissues is usually referred in the literature to as "sliding motion". It is characterized by discontinuities at the surface of the lungs in tangential components of the displacement field along the direction normal to the surface, whereas components in the direction tangential to the surface inside and outside of the lungs, as well as the components normal to them across the surface, remain smooth. One of the methods addressing this challenge is to perform lung segmentation before the registration and restrict the registration only to the lungs. However, such an approach has the limitation that it requires accurate lung masks and neglects intralobar sliding motion, which might occur inside the lungs. Among different imaging modalities applicable to lung imaging, computed tomography (CT) remains the most widely used volumetric imaging modality. This is the reference modality for the particular case of lung cancer, playing a key role in radiotherapy planning 8 and treatment monitoring. 9 In medical imaging, it is difficult for the clinical expert to directly compare image volumes acquired at different times. To accurately assess the same structures, a very careful image registration needs to be performed to allow for direct side-by-side comparison. Practical application for this, in the context of lung imaging, is image-guided radiotherapy, where the dose plan is devised from a baseline scan, and mapped, using image registration, to the patient for more accurate dose delivery (a concept known as dose painting), taking the different breathing states into account. Another application is the monitoring of response to radiotherapy, where, in addition to compensating differences in patient breath hold, actual morphological or functional changes need to be assessed. For such sophisticated tasks, voxel size or even subvoxel image registration accuracy would be expected. It can also be used for lung ventilation quantification, 10 which has the potential to spare wellfunctioning parts of the lungs during radiotherapy. In the case of the lung ventilation quantification based on 4DCT, an accurate registration is crucial. The most accepted approach tracks changes in lung tissue intensity, which directly correspond to the tissue density. Existing methods perform an initial Gaussian image smoothing to compensate for errors in registration. Having images accurately registered, such smoothing can be avoided, resulting in more detailed ventilation maps. The estimated ventilation maps could be further used to correct the radiotherapy plan to avoid side effects due to irradiation of healthy tissue.
Deformable Image Registration
In general, in deformable image registration, one of the images is considered to be fixed, I fix , and another moving, I mov , which is transformed toward the fixed one. This process can be shown as an energy minimization procedure of a similarity measure of the images, SimfI fix ; I mov ½uðxÞg, with I mov ½uðxÞ standing for I mov warped toward I fix by the deformation u at a spatial location x. This term measures the distance between the images based on the chosen similarity measure. However, relying purely on similarity measure, which matches spatial locations based on the chosen measure, might result in physiologically implausible deformations. 11 The transformation for lung registration should preserve discontinuities, modeling sliding motion by allowing for discontinuities at the lung boundaries and between lobes, while providing smooth deformations in other regions. Therefore, the transformation model might be inherently regularized, whereas, in others, an additional regularization term Reg½uðxÞ, which penalizes implausible deformations, is introduced to further constrain the transformation model. The exact definition of the Reg½uðxÞ term depends on the application but usually is defined in terms of derivatives of the deformations. The influence of the regularization term is controlled by a weighting parameter κ. The most common formulation of the energy to be minimized takes the form of E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 6 3 ; 2 4 3 E½uðxÞ ¼ SimfI fix ; I mov ½uðxÞg þ κReg½uðxÞ:
(1)
There have been many different methods proposed for deformable lung image registration, which in general can be categorized in terms of the applied optimization approach into continuous or discrete optimization-based approaches. Among continuous optimization-based approaches for sliding motion preservation, one of the proposed methods was to decouple diffusion regularization, which penalizes the squared magnitude of the gradients of the deformation field, 12 into normal and tangential directions around the lung boundaries using automatically detected masks. 13 One of the limitations of this method is that it requires accurate lung segmentation for calculating normal and tangential direction vectors. Another limitation is that it neglects the sliding motion, which might occur inside the lungs. Modeling it with that method would require lung segmentation into individual lobes, which is not a trivial task in general and is even more challenging in 4DCT due to the reconstruction artifacts. A similar approach was used for positron emission tomography to CT image registration. 14 A piecewise diffeomorphism, as an extension to large deformation diffeomorphic metric mapping, was proposed in Ref. 15 , whereas bilateral filtering, as the regularization of the deformation field preserving sliding motion, was introduced in Ref. 16 . These methods use Demons-based optimization schemes, 17 which may not be robust enough to local minima. Using a discrete optimization-based approach, a Markov random field (MRF)-based method was presented in Ref. 18 in which the optimization problem was posed on a minimum spanning tree (MST) extracted from a graph. The image is parametrized to regular cubes represented by nodes in the graph. However, the method does not address the sliding motion problem directly. More recently, a symmetric regularized correspondence field method was introduced in Ref. 19 for images from patients with chronic obstructive pulmonary disease and a supervoxel-based belief propagation algorithm in Ref. 20 . For the latter, the optimization has also been posed on a MST, this time created by a supervoxel image parametrization. However, the tree representation, because of the hierarchical nature, misses many of the connections between regions either inside or outside the lungs. This will break up the regularization components that we would expect between those regions. In contrast, a graph such as the one proposed here preserves all relevant connections.
Markov Random Fields and Graph Cuts
To use a discrete solver for deformable image registration, the problem is usually formulated in terms of MRFs, which create a framework where long-range relations of distant nodes in the graph are modeled via a "knock-on effect" by short-range relations of usually just a pair of neighboring nodes. The optimization is posed on an undirected graph that is built by a set of nodes P. In such a form, the optimization is the process of finding a labeling f for the set P that minimizes the energy EðfÞ, consisting of the sum of two terms E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 3 2 6 ; 2 8 9 EðfÞ ¼ E data ðfÞ þ αE smooth ðfÞ;
where E data ðfÞ represents the disagreement between the labeling f and the observed data, whereas an α-weighted piecewise smoothness term E smooth ðfÞ forces nodes connected by an edge to have similar labels. Depending on the application, the labels can represent different properties, for instance objects or background in segmentation 21 or a depth map in stereovision. 22 Such a formulation can also be applied to deformable image registration, where the labels to be assigned represent predefined displacement vectors ½u x ; u y ; u z . For this application, only a limited number of displacements are considered; thus this formulation requires a transformation model that transfers the displacement field from a discrete domain into a continuous one. However, for a 3-D application, the number of labels consists of thousands of allowed displacements.
Methods capable of solving such a formulation have attracted researchers since its introduction. However, the lack of efficient optimization algorithms limited their
Journal of Electronic Imaging 061607-2 Nov∕Dec 2017 • Vol. 26 (6) application for deformable image registration. An approach using dynamic programming as an optimization method, drop, 23 has been successfully applied for brain image registration. The main limitation of this method is that it estimates the best displacements in the x, y, and z directions independently. Moreover, it does it in an iterative way, which renders the method similar to the continuous-optimization-based approaches and therefore potentially vulnerable to be trapped in a local minimum. These restrictions limit the advantage of the discrete optimization-based approach, which allows for a dense displacement sampling and for some methods to find at least a strong local minimum. In Ref. 24 , the authors proposed using a random walks algorithm for deformable image registration. Both methods from Refs. 18 and 20, presented before, use the belief propagation algorithm as the optimization method to estimate displacement field.
Another example of the optimization method is graph cuts. Although the method has been widely used in many fields of computer vision, such as image segmentation, 21 denoising, 25 stereovision, 26 and motion detection, 27 its application to image registration has been limited. A voxel-wise deformable registration method applying graph cuts was proposed in Ref. 28 for both 2-D and 3-D brain images. An obvious limitation of the method is the size of the graph on which the problem is posed. While for 2-D images the problem is still tractable, in 3-D cases the size of the graph with every voxel is represented by a node might be much larger. This, along with the high number of possible displacements, makes the problem considerably challenging in terms of computation. For instance, the method presented in Ref. 29 , which is an extension of the approach from Ref. 28 , reports computational time for 3-D cases of up to 24 h. A landmark-based graph cuts algorithm was proposed for medical image registration in Ref. 30 . In that work, a penalty cost was added to the data term for a node on which a landmark was localized, forcing its alignment with the corresponding landmark in the other image. Such an approach can be seen as putting a hard constraint on the deformation field in the presence of landmarks. A registration method using mutual information as a similarity measure with graph cuts as an optimization method was later proposed in Ref. 31 and followed by a similar approach with prior joint intensity distribution in Ref. 32 .
To address the computational cost issue inherent to pixel/ voxel-wise formulations of the problem, here, we propose the use of supervoxel image representation. 33 This approach allows us to reduce the complexity of the problem by representing a group of voxels by a single supervoxel. The graph cuts algorithm has a worst-case computational complexity of Oðn 2 Þ for a graph with n nodes. 34 In our case, the number of nodes n is reduced from the number of voxels to the number of supervoxels. When each of the supervoxels consists of n s voxels, then the number of supervoxels N ¼ n n s , and the worst-case computational complexity of our formulation is expressed as OðN 2 Þ. Subsequently, the number of displacements to be estimated is reduced from the number of voxels in the image to the number of extracted supervoxels, which is significantly lower. The use of supervoxels has certain limitations. Small supervoxels diminish the advantage of the reduction of the number of nodes in the graph (in the limit, the number of supervoxels can become the number of voxels). On the other hand, when the supervoxels are large, they might not be able to accurately model the variations in displacement. In the process of finding the optimum displacements, we apply the graph cuts method and later use an edge-preserving filtering method, namely guided image filtering, 35 to convert the displacement field derived from the sparse image representation into a piecewise continuous displacement field. The proposed method has been initially presented in Ref. 36 . The paper has been deeply extended and rewritten. In particular, here we present the method in full detail. Second, we provide a comprehensive evaluation of different variants of the method, justifying the chosen approach. Third, we compare the method against state of the art methods including a regular grid (RG) image representation and investigate the influence of filtering methods. Finally, we also show how the method and its variants handle the sliding motion modeling. The closest method in the field to the proposed is the one presented in Ref. 20 . Even though both methods share some common features, such as the supervoxel approach to the image parametrization or discrete optimization, closer analysis reveals that the methods present completely different approaches to image registration. In our method, we use a multiresolution approach to extract supervoxels, whereas in Ref. 20 the supervoxels are extracted from the original, unprocessed images. In our method, at every resolution level we extract supervoxels with different relative sizes, starting with larger ones and gradually reducing their size in following resolution levels. Another major difference lies in the graph representation, which will be presented in Sec. 2, along with the chosen method to convert the sparse displacement field into the locally continuous one.
Aims
The main aims of this paper are fourfold:
1. To propose a method for reduction in the size of the 3-D deformable image registration problem, making it efficiently solvable via the graph cuts method using supervoxels. 2. To introduce a graph relaxation criterion based on a relation between intensities of adjacent supervoxels, which improves the 3-D deformable image registration performance for the lungs application. We also show that it is capable of preserving well the sliding motion of the lungs. 3. To show that the proposed framework is robust to the supervoxels extraction and the graph relaxation parameters, providing reasonably good results, in terms of registration accuracy, for a range of parameters and modifications to the graph connectivities, as well as applied filtering methods. 4. To demonstrate that the proposed framework performs favorably to the most similar deformable image registration methods, especially to those that do not use supervoxel image representation, when compared on a publicly available dataset.
The remainder of this paper is structured as follows: in Sec. 2, we describe our method, introducing all of its components. In Sec. 3, we present the conducted experiments and obtained results. The discussion about the results, plans for future work, and conclusions are presented in Sec. 4. 
Methods
In this section, we present the proposed method for deformable image registration, using supervoxel-based image representation and graph cuts as an optimization. An overview of the proposed method is shown in Fig. 1 , with every component addressed individually in the following sections: in Sec. 2.1, we explain the way in which the images are over-segmented into supervoxels and describe the selected image clustering method. This is followed by the introduction of the similarity measure of choice in Sec. 2.2. A detailed explanation of the graph construction and energy function formulation used for the initial displacement field estimation is presented in Sec. 2.3. Section 2.4 describes the proposed transition from the discrete domain to the continuous with use of the guided image filtering method. In Sec. 2.5, we explain how we combine the estimated forward and backward transformations.
Image Clustering
The simplest way to reduce the complexity of deformable image registration, due to the size of the images, is to parameterize it using a RG structure. Even though such an approach efficiently reduces the complexity of the problem, it does not capture well the semantic regions of the image, usually represented by higher contrast edges. To overcome this limitation, superpixel algorithms, which group pixels with similar appearance within a local neighborhood, were proposed. In the literature, many approaches have been proposed to perform image clustering, including mean-shift methods, 22 gradient-based methods, 37 and the watersheds method. 38 However, probably the most popular image clustering method is the Simple Linear Iterative Clustering (SLIC), 33 mainly due to the speed of performance, direct control over the number of extracted supervoxels and supervoxel compactness. The SLIC method is designed to extract k approximately equally sized supervoxels. It starts by distributing seeds for each of the supervoxels, initially placed at intervals S ¼ ffiffiffiffiffiffiffiffiffi ffi M∕k 3 p voxels apart, with M being the total number of voxels in the image. The positions of the centers are then corrected based on the gradients of the image to avoid locating them on image edges or at a noisy voxel, before each voxel is assigned to the nearest cluster. In an iterative manner, the distance ϒ between each voxel x and the closest cluster center c is calculated based on the Euclidean distance d e ¼ kx − ck, and the intensity-based
, where m is a parameter that controls the compactness of supervoxels.
Similarity Measure
The simplest similarity measures relying purely on intensities are not well suited for CT lung registration, mainly due to changes in lung density during breathing, which result in a variation in their intensity. They are also inadequate for multi-modal image registration, where intensities represent different physical properties. In our method, we propose using the Modality Independent Neighbourhood Descriptor (MIND), 39 which was originally developed for lung image registration. The descriptor is defined for each voxel position x with a spatial search region R by a relation between a distance D p and a variance Var E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 3 2 6 ; 4 6 8 MINDðI; xÞ
with η normalizing the values to 1. The distance D p measures the intensity difference between the voxels in a defined range r E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 4 ; 3 2 6 ; 4 0 1
with G being a Gaussian kernel. The variance VarðI; xÞ in the denominator in Eq. 3 stands for the estimation of intensity Fig. 1 Diagram presenting the workflow of the proposed method. We start from extracting supervoxels and creating a graph based on them. Then we estimate a displacement for each supervoxel using the graph cuts optimization method. The guided image filtering is first applied to the estimated update of the displacement field, similar to fluid-like regularization in Demons, and then to the update combined with the previously estimated displacement field, similar to diffusion-like regularization in Demons. We then estimate inverse transformations and combine them with forward ones. Double rectangles emphasize the symmetric nature of the method, where forward and backward transformations from the target to the moving image are estimated at the same time.
Journal of Electronic Imaging 061607-4 Nov∕Dec 2017 • Vol. 26 (6) distribution in the neighborhood of a voxel x and is represented as the variance in intensities within a neighborhood N. For more details of the method, we refer the interested reader to Ref. 39 . The main advantage of the MIND over single value intensity-based similarity measures is that it provides a descriptor that is sensitive to similarities in gradients and texture but insusceptible to direct differences in intensities between voxels. These properties are extremely useful for lung image registration, where the lungs change their density, and therefore their appearance in the CT images, during the breathing process.
Energy Formulation
Our optimization problem is posed on an undirected graph, defined by the adjacency of previously extracted supervoxels.
In the graph, each supervoxel is represented by a node and every pair of directly adjacent supervoxels is connected by an edge. The edges indicate a relation between the supervoxels, while their values represent the strength of the relation. The values of the edges are calculated based on the absolute difference between the mean intensities of the supervoxels. Such construction of the graph favors smooth changes between supervoxels having similar mean intensity values and at the same time representing the same structures. To allow for discontinuities in the deformation field between supervoxels clustering different organs at the same time preserving the smooth deformation field inside them, we propose using a relaxed form of the graph. The edges with lower values are assumed to connect different structures and can thus be removed, based on a relaxation threshold parameter υ E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 5 ; 6 3 ; 5 6 1
Vðp; qÞ ¼
where I mov ðx p Þ and I mov ðx q Þ stand for mean intensity values of all voxels x p and x q contained within the supervoxels represented by nodes p and q, respectively, calculated for the moving image. The image intensities are initially normalized between 0 and 1; therefore, the relaxation threshold parameter υ is a constant and lies within these ranges. The relaxed graph representation has an additional advantage: as there are fewer nonzero edges remaining in the graph, the overall complexity of the graph layout is reduced, the optimization process is performed with a better rate of the convergence. An example of such clustering and a graph created over the image, as well as its relaxed form, is shown in Fig. 2 . The proposed formulation should result in physically plausible deformation inside the lungs and, in turn, a more realistic deformation field. The introduced relaxation of the graph can be considered as a form of presegmentation of the image, akin to lung masking, which is a common practice in the field of lung registration. figure (d) , whereas the MST-based simplification of the graph is shown in figure (e) . In all of the images, apart from (a), the contrast has been adjusted for better visualization of supervoxels and graphs. For illustrative purposes, we use 2-D superpixels and present them on a 2-D slice. However, in the framework we extract supervoxels from 3-D volumes.
Journal of Electronic Imaging 061607-5 Nov∕Dec 2017 • Vol. 26 (6) The data cost term is formulated as a mean error calculated for all voxels x in the fixed image I fix and moving image I mov clustered in a certain supervoxel represented by a node p, for the applied displacement f p E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 6 ; 6 3 ; 7 0 8 E data ðfÞ ¼ Σ p jMINDðI fix ; x p Þ − MINDðI mov ; x p þ f p Þj:
We are not matching supervoxels between two images but are finding the best displacement of each of the supervoxels based on the mean error of all their included voxels (3-D image pixels) for each of the label, representing a displacement. Such a formulation is more robust to the differences in shape of supervoxels across the two images.
Many forms of the piecewise smoothness term for MRFs have been proposed, starting from the simplest Potts model, where the term takes the value 1 when labels are equal and 0 otherwise. In a linear model, the smoothness term changes linearly according to the distance between labels. These formulations of the piecewise smoothness term satisfy all metric requirements, including the triangle inequality. The most common way of formulating regularization in deformable image registration is a quadratic model, which depends on a squared distance between labels f p and f q assigned to two neighboring nodes p and q, defined as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 7 ; 6 3 ; 4 7 4
To recall, f p is a label representing a displacement vector ðx p ; y p ; z p Þ assigned to the node p. In our formulation, we propose the use of the following piecewise smoothness term:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 8 ; 6 3 ; 3 9 6 E smooth ðfÞ ¼
where the ½1 − kI mov ðx p Þ − I mov ðx q Þk stands for the edge values of the graph and kf p − f q k 2 represents the quadratic distance between labels.
On such formulated problem, we apply the graph cuts method. 42 Due to the fact that we are using a quadratic regularization term, which does not satisfy the triangle inequality condition for metrics, we use the α − β swap variant of the graph cuts method, 42 which has relaxed requirements about piecewise smoothness term properties and can be used with a semimetric piecewise smoothness term.
In our formulation, we use a multiresolution approach. At each resolution level, we extract a number of supervoxels containing a specified number of voxels. For each of the supervoxels, we calculate an error vector with the length equal to the number of labels. Each value of the vector corresponds to the data term of the energy for a particular displacement represented by the label. In such a way, we create a data cost matrix, whose size is ðnumber of supervoxelsÞ × ðnumber of labelsÞ. We can see that the optimization complexity has been heavily reduced compared with the voxelwise formulation, where the data cost matrix would have the size ðnumber of voxelsÞ × ðnumber of labelsÞ, bearing in mind that every supervoxel represents a group of voxels.
Guided Image Filtering
The labeling procedure, described in the previous section, results in all supervoxels being assigned a displacement vector, which estimates their best displacement and creates a displacement field. A direct application of the deformation estimated for a supervoxel to all of its voxels might result in foldings at the borders of supervoxels that have different deformations and thus physiologically implausible deformations. To overcome this limitation, in Ref. 20 the authors proposed using multiple layers of supervoxels, while in Refs. 23 and 18 a free-form deformation with B-splines 43 is used as an interpolation method. The properties of B-splines, however, do not allow us to model directly discontinuities of the deformation field, which occur between the lungs, rib cage, and diaphragm.
In this work, we propose an alternative solution: to smooth the displacement field, while at the same time preserving some of the discontinuities. We use guided image filtering, 35 where an output image I out is a linear combination of an input image I in and an image I g is used for guidance E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 9 ; 3 2 6 ; 5 2 9 I out ðxÞ ¼ Σ y∈N ðxÞ W y ðI g ÞI in ðyÞ;
where W y is a filter kernel calculated for the guide image I g in a neighborhood N ðxÞ of a voxel x. The kernel W y is defined as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 0 ; 3 2 6 ; 4 6 4
where μ I g and cov I g are the mean and covariance of the guidance image I g calculated in a neighborhood N ðxÞ, I is the identity matrix, and σ is the smoothness parameter. In our method, this filtering method is applied over the dense displacement field u derived from the sparse representation using the moving image I mov for guidance. The discontinuities in the intensity, especially at the borders of organs, such as the lungs, might result in discontinuities in the displacement field. On the other hand, small changes in the intensities between adjacent supervoxels might indicate that they are part of the same organ. This yields smooth deformations across anatomically consistent regions in the moving image, while at the same time preserves discontinuities in the deformation field at the region boundaries. The idea of guided image filtering is based on the edge-preserving approach, similar to bilateral filtering, 44 which discourages smoothing across boundaries and has good edge-preserving smoothing properties. The main benefit of the method is that it is several times faster than bilateral filtering. Related approaches that were previously proposed include continuous optimization-based registration for the lungs, 16 where bilateral filtering was applied, and liver motion compensation 45 with guided image filtering.
Symmetric Registration
To enhance the registration process as well as more accurately model the complex nature of the lungs during the breathing process, we propose applying symmetric registration to our formulation. The registration is performed at different resolution levels, and at every level supervoxels of different size were extracted, which was driven by the coarse to fine approach. Therefore, two deformation fields are estimated corresponding to the registrations between moving the
Journal of Electronic Imaging 061607-6 Nov∕Dec 2017 • Vol. 26 (6) image toward the target and vice versa. Such a formulation not only compensates for some misregistrations originating from the relaxed graph formulation, especially at the border of the lungs and diaphragm, where there is no direct link between the organs and large motion might be observed. It also removes the bias of the choice of the target and source. After performing an optimization at each resolution level, inverses of both previously estimated deformation fields are approximated based on a simple fixed-point approach originally proposed in Ref. 46 and subsequently combined together E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 1 ; 6 3 ; 6 4 2 u
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 2 ; 6 3 ; 6 1 1 u
where u mov→fix and u fix→mov stand for the estimated deformation fields transforming I mov to I fix and I fix to I mov , respectively.
Experiments and Results
In this section, we evaluate the proposed method on a publicly available CT dataset. We prepared a number of experiments to support the proposed configuration of the method as well as the parameter settings. In Sec. 3.1, we describe the dataset that was used for the evaluation purpose. The parameter setting is described in Sec. 3.2, and in Sec. 3.3, we explore the influence of the image representation by performing experiments on RG image parameterization. This is continued in Sec. 3.4 with the analysis of the effect on the results of the applied filtering method, by comparing results of Gaussian filtering and the proposed guided image filtering. In Sec. 3.5, we investigate the influence of the relaxation parameter, and in Sec. 3.6 we show how the method deals with sliding motions. Finally, in Sec. 3.7 we compare our method against others that are most closely related in the field.
Materials
We evaluated the performance of the proposed image registration method on the publicly available Dir-Lab dataset, 47, 48 which consists of 10 cases of dynamic 3-D CT volumes covering the full breathing cycle (also called four-dimensional CT) of patients suffering from esophageal or lung cancer. Patient identifiers were removed in accordance with an institutional review board approved retrospective study protocol (RCR 03-0800). 47 The spatial resolution of the dataset varies between 0.97 × 0.97 × 2.5 mm 3 and 1.16 × 1.16 × 2.5 mm 3 . The dataset provides 300 landmarks for full inhale and full exhale breathing phases, manually placed by an expert. Due to the well-distributed landmarks, this dataset creates a valuable validation framework for deformable lung image registration. To evaluate the performance of the method in terms of registration accuracy, we performed registrations between peak inhale and peak exhale breathing states for the dataset. We calculated the target registration error (TRE) between the annotated landmarks, which is defined as the Euclidean distance over corresponding landmark locations before and after registration. The observer error for this dataset ranges from 0.75 to 1.13 mm. 47 Such an approach allows us to assess how the methods deal with tracking movement of lung tissue, on which the landmarks were placed.
Parameter Setting
For all of the experiments, we used the same parameter settings for consistency; any changes in the parameter settings are clearly stated. We performed the experiments at five resolution levels, at each of them extracting supervoxels of approximate sizes of [50, 150, 400, 800 , 500] voxels with a maximum allowed displacement of [3, 4.5, 4.5, 6, 4.5] voxels and a quantification step of [0.5, 0.75, 0.75, 1, 0.75], respectively. In our implementation of the method, we initially interpolated images to isotropic voxel size for the first four resolution levels. For the final resolution level, which performs fine-tuning, the method was applied on the original, unprocessed images. The windows w for guided image filtering were set to [5 5 5] , apart from the final resolution level, which was [7 7 7] voxels, and the smoothness parameter σ was set to 0.001. For calculating the MIND descriptor, we used six neighboring voxels, with a range of r ¼ 1. The parameters have been chosen heuristically, based on the results on case 8, as the most challenging case in the dataset with the highest initial misalignment. Such an approach should be more robust to over-fitting to the data.
Influence of Image Representation
We conducted an experiment using a RG representation, setting SLIC's compactness parameter m to 4000 (in all the other experiments we used m ¼ 40), achieving TRE of 1.36 mm, compared with 1.16 mm for the proposed method. All results are presented in Table 1 . Among all of the individual cases, the TRE for the proposed method is the lowest. A higher difference was calculated in case 8, where the RG variant results in 2.42 mm of TRE, whereas for the proposed method TRE was only 1.37 mm. In Fig. 3 , we present the displacement fields estimated by both methods for case 8.
One of the ways to measure the quality of the estimated deformation field might be through calculating the determinant of the Jacobian of the deformations, which can be seen as an indicator of complexity of the deformations. The Jacobian of the deformations is a matrix created by the first derivatives of the deformations calculated for each variable. Its determinant takes the form of E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 3 ; 6 3 ; 6 4 2 det½Jacðx; y; zÞ ¼ 
where u y ðx; y; zÞ, u z ðx; y; zÞ, and u z ðx; y; zÞ are the displacement fields estimated in the x, y, and z directions, respectively. In Table 2 , we present the fraction of the negative determinant of the Jacobian of deformations, which shows the fraction of voxels for which a one-to-one mapping is violated, 49 the mean of the determinant of the Jacobian of deformations, showing the change in volume, and the standard deviation of the determinant of the Jacobian of deformations, all calculated inside the lungs for the Dir-Lab dataset. We can observe a trend that the variants using supervoxel image representation result in a lower fraction of negative determinant of the Jacobian of deformations, as well as lower standard deviation of the determinant of Jacobian of deformations.
Impact of Filtering Method
To show the influence of the filtering method on the results, we conducted experiments using both Gaussian filtering and the guided image filtering. When supervoxel-based image representation was used, the Gaussian filtering achieved TRE of 1.36 mm, whereas for the proposed, it was 1.16 mm. A similar trend was observed when we applied both filtering methods for the RG image representation, resulting in TRE of 1.87 and 1.36 mm for Gaussian and guided image filtering, respectively. The results are summarized in Table 1 . The visualization of the influence of the filtering method is shown in Fig. 3 , where we present the proposed method with guided image filtering, the proposed method with Gaussian filtering, and RG with both filtering methods. The results presented in Table 2 show that guided image filtering provides a lower fraction of negative determinant of the Jacobian of deformations as well as a lower standard deviation of the determinant of the Jacobian of deformations, Fig. 3 Magnitude of the displacement field in the coronal view for different image representations and filtering methods. On the upper row we show the results for regular grid image representation, while on the lower row for supervoxel-based image representation. The left column presents the results for Gaussian filtering and the right for guided image filtering. The best results were achieved with the proposed configuration shown in the lower right corner. Table 2 Comparison of the proposed method against its variants based on fraction of negative determinant of the Jacobian of deformations, which measures the fraction of voxels for which a one-to-one mapping is violated, mean of the determinant of the Jacobian of deformation, showing the change in volume and standard deviation of the determinant of the Jacobian of deformations, which can be seen as a measure of complexity of the deformations, for the Dir-Lab dataset. regardless of image representation. The best overall results are achieved for our proposed method.
Method

Graph Relaxation
We performed experiments on the full graph, created by all adjacent supervoxels and after performing graph relaxation with threshold parameter υ set to 0.1, by removing edges according to Eq. (5). The results for the three first cases were identical in terms of TREs. However, for the remaining six cases the TRE for the relaxed graph representation is lower, apart from the last case 10, where the full graph variant outperformed its relaxed counterpart. We also extracted a MST from the full graph and performed the optimization using the same energy formulation and parameter settings as for the full graph and its relaxed version and compared their performance. All the numerical results are presented in Table 3 . We investigated the influence of the relaxation parameter υ on TRE, comparing TRE for the full graph representation as υ is gradually changed. The results presented in Fig. 4 show that the best performances of TRE of 1.16 mm were achieved for υ ¼ 0.15 and υ ¼ 0.1.
Further relaxation of the graph deteriorates TRE for the DirLab dataset. The visualization of the registration results for our method, for the most challenging Dir-Lab case 8, is shown in Fig. 5 . Distribution of the landmark error for the same case after registration using our method is presented in Fig. 6 .
Sliding Motion
To explicitly show how the proposed method deals with sliding motion, we calculated the maximum shear stretch of the deformation field, which can be used as a measure of sliding motion. Following the method presented in Ref. 50 , we calculated the gradients of the deformation field with respect to x, y, and z, similarly to calculating the Jacobian of the deformations. Subsequently, we decomposed the deformation field gradients into eigenvalues and found their maximum and minimum principal stretch components, γ 1 and γ 3 , Fig. 4 Influence of the relaxation parameter υ on TRE in (mm) and standard deviation for the DIR-Lab dataset. The scale in the x axis is nonlinear. Journal of Electronic Imaging 061607-9 Nov∕Dec 2017 • Vol. 26 (6) respectively. Then the maximum shear stretch is defined as
The visualization of the maximum shear stretch distribution in logarithmic scale is shown in the example of case 8 in Fig. 7 . The highest value of shear stretch γ max > 5 almost everywhere at the lungs' borders indicates a considerable sliding motion at borders between the lungs and the rib cage and also the diaphragm and the liver. It is also clearly noticeable (pointed by black arrows in Fig. 7 ) that the value of shear stretch between the lung lobes is equal or slightly below 5, which implies interlobar sliding motion.
Comparison with Other Methods
We compared our method against other, most closely related methods in the field, based on the TRE reported for the DirLab dataset. These are continuous optimization-based Demons method enhanced with bilateral-filtering (BLF), 16 dense displacement sampling method using belief propagation on an MST (deeds), 18 and supervoxel-based with belief propagation method applied over an MST (SBP), 20 where the MST is extracted from a graph created by the adjacent supervoxels and the optimization performed over a number of layers of supervoxels. Our proposed method achieved a mean TRE of 1.16 mm, compared with 1.96 mm for BLF, 1.43 mm for deeds, and 1.23 mm for SBP. For all of the cases, the proposed method achieved the lowest TRE, except case 8, where the best result was achieved with the SBP method. The numerical results are presented in Fig. 8 .
Results achieved for our method show statistically significant improvement compared with those using BLF and deeds (p-value < 0.05). However, no statistical significance was found between the results for SBP.
Discussion and Conclusions
We have proposed a deformable image registration method that successfully combines compact image representation via supervoxel clustering with an efficient graph cuts-based optimization method and guided image filtering for providing locally continuous displacement field. We have shown the Fig. 6 Visualization of the landmark error distribution for the most challenging case 8 after registration using our method in all three views with the lung mask in the background. Only landmarks with an error higher than 1.5 mm are displayed. The size of the points corresponds to the landmark error. Fig. 7 Example of maximum shear stretch calculated for the most challenging case 8 shown in coronal, axial, and sagittal view. We compared the results for different variants of the proposed method, (a) the RG with Gaussian filtering, (b) the RG with guided image filtering, (c) supervoxels-based image representation with Gaussian filtering and (d) the proposed method, where supervoxel image representation with guided image filtering was used. Fissures, pointed by black arrows between the lung lobes, indicate a fair amount of sliding motion taking place inside the lungs. On the last column (e) the corresponding anatomical CT images are shown, from which the main contours were propagated on the previous images.
Journal of Electronic Imaging 061607-10 Nov∕Dec 2017 • Vol. 26 (6) justification for the chosen approach by first presenting the results for RG image representation variant, in which we extracted cubic supervoxels. Even though the compactness parameter m for SLIC was set to a relatively high value (4000), it is possible that some of the supervoxels were imperfect cubes. Nevertheless, it only emphasizes the fact that the perfectly regular cubic representation would further deteriorate the results. For the RG image representation with Gaussian filtering, we achieved TRE of 1.87 mm, which performed worst among all of the compared methods and seems to be the least suitable configuration for the application. After changing the image representation to supervoxels and maintaining the Gaussian filtering, TRE is reduced to 1.36 mm, which makes it the most noticeable change in TRE among all of variants of the method. It clearly shows the superiority of supervoxel-based image representation over a RG. The relative difference between them, compared with the initial TRE of 15 mm, may not seem large; however, visual assessment of the magnitude of the displacement field from Fig. 3 illustrates how much this is advantageous in practice. The displacement field for RG is heavily distorted at lung borders, and the shape of the lungs is not recognizable, even though we would expect the lungs to be locally consistent in the movement. It clearly indicates that the supervoxel-based image representation has superior properties over its RG counterpart. Surprisingly, the supervoxel image representation with Gaussian filtering variant has achieved the same TRE (1.36 mm), as for the RG method with guided image filtering. It suggests that the guided image filtering method is more suitable than Gaussian filtering in this application for image registration and plays a role in additional structure-oriented regularization, which can partially compensate for over-segmentation using supervoxels. These reasons strongly support the approach proposed in our method. Good results for the MST-based version were expected, based on the previously reported results in the literature, 18, 20 which positions it well between the RG/ Gaussian filtering versions and the proposed method. Coincidentally, the same average TRE (1.23 mm) is achieved in our test as the one reported in Ref. 20 ; however, the specific cases of the dataset achieved different TREs. The second best results were achieved for the proposed version in a full graph representation (TRE of 1.19 mm), which were further improved by its relaxed variant (TRE 1.16 mm). The relaxed graph representation provided improved or at least equally good results for all cases except for case 10. In our approach, we decided to tune the parameters using just one of the cases of the dataset-case 8, which is the most challenging and has the largest initial misalignment. Such an approach is more robust to over-fitting the parameters. As a drawback, it is possible that such an approach will result in suboptimal parameters settings for one (or more) of the cases. A larger dataset could potentially result in more accurate parameter tuning. We visualize the results for different variants of the proposed method in Fig. 9 , showing the gradual improvement in the results. As an additional experiment, we investigated the influence of the intensity term in the piecewise smoothness term of the energy formulation in Eq. (8) . The substitution of the proposed linear intensity term with a quadratic one resulted in TRE of 1.22 mm, compared with 1.16 mm for the linear term. This experiment Fig. 8 Comparison of the proposed method with the closest implementations based on the mean TRE for Dir-Lab dataset. For each case, the TRE before registration (initial) and after registration are shown: our proposed method, after BLF combined with Demons (BLF), 16 after the dense displacement sampling method based on belief propagation on an MST (deeds), 18 and after supervoxel-based belief propagation (SBP). 20 Mean results show that our proposed method outperforms all of the compared methods on average and in all individual cases apart from case 8. Fig. 9 Comparison of different variants of the method based on TRE in (mm).
Journal of Electronic Imaging 061607-11 Nov∕Dec 2017 • Vol. 26 (6) supports our proposed formulation of the energy in Eq. (8) .
In terms of the time, the performance of the proposed method in its current suboptimal and nonparallelized MATLAB implementation varied from 63 to 121 min per pairwise registration, depending on the Dir-Lab case. In our comparison with other methods, we used the closest methods in approach, while at the same time considered the state of the art in medical image registration. 28 , reported the computation time for a single 3-D registration to be up to 24 h. In our case, it was between 63 and 121 min, depending on the volume size. It was just slightly over 1 h for images having similar volumes with the ones from Ref. 29 . The methods proposed in Refs. 31 and 32 have been presented for 2-D cases only. They could potentially be extended to 3-D cases; however, this would have required significant code development, which was beyond the scope of our work. The best performing method on the Dir-Lab dataset at this moment is Ref. 51 with TRE of 0.94 mm on average. This method and other top performing methods on the Dir-Lab dataset use segmentations and perform registration only inside the masks, as all the landmarks are placed inside the lungs. Such an approach makes the methods unsuited for direct comparison.
The proposed method follows the trend noticeable in the image registration field, where discrete optimization-based methods perform very well and in some cases favorably compared with their continuous optimization-based counterparts. Our proposed framework contributes to the field addressing the aims summarized in Sec. 1.3. The proposed method creates a promising framework for more advanced applications, such as multimodal image fusion, where images originating from different modalities could be combined. In the future, we intend to apply the method for hyperpolarized gas MRI to CT image registration using proton MRI as an intermediate registration step. Another interesting application of the method might be a joint lung registration and lobe segmentation. The borders between the lobes look like they could be well distinguishable based on the deformation field, as show in Fig. 7 . In our opinion, the method may be applicable to other medical image registration where sliding motion appears, such as multimodal lung registration, liver, or cardiac motion correction. Supervoxel-based image representation appears to be still a very promising method; however, it has not yet been fully explored in image registration.
